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Abstract

Marine video understanding is crucial for a wide range
of real-world applications. However, existing marine
video datasets suffer from limitations, including the
limited number of data samples, fine-grained text de-
scriptions, and detailed visual attributes. Visual at-
tributes—capturing appearance (color, texture) and geom-
etry (shape, size)—comprise a significant portion of scene
information, yet they are often confounded by camera mo-
tion. To address these limitations, we introduce a large-
scale, video-text dataset featuring rich, in-the-wild visual
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attributes tailored for complex marine environments. Our
dataset comprises 2,000 video-text pairs annotated with 13
attributes covering up to four objects per scene, object vi-
sual/geometric properties, behaviors, environmental con-
text, and camera motion, spanning diverse lighting condi-
tions, times of day, and 7 countries. From these annotations,
we generate 16,080 video-question pairs (12,080 multiple-
choice, 4,000 open-ended). Furthermore, we benchmark
both proprietary and open-source video-LLM models on
video question answering and video captioning tasks. We
find that (i) proprietary models often achieves superior per-
formances; (ii) VLMs handle object motion well but strug-
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Figure 1. Annotation Highlights. We build a dataset of 2,000 video—text pairs, containing fine-grained motion dynamics, including

diverse object and camera poses, captured across 7 countries. Top: We
motion to reveal the motion dynamics in marine scenarios. Bottom: We

show video—attribute pairs, highlighting object motion and camera
benchmark our dataset on video understanding tasks, ranging from

captioning to question-answering. We show how Motion Dynamics, Multiple Objects and Others contribute to different dimensions.



Dataset Time Domain #Sentence Caption #Video-text Cap Source Attributes Prompt
(hours) Length  Pairs Object Motion Camera Complexity
WebVid [2] 13K open - 12 2.5M generated X X X low
InternVid-VTT [26] 76K open 1 10-20 7.1M generated X X X medium
MiraData [7] 16K - - - - generated X X X low
MovieBench [29] 69.2 movie - - - generated v v 4 medium
MSR-VTT [31] 41.2  open 1 9.3 200K manual X X X low
EPIC-KITCHENS-100 [5] 100 cooking 1 3 19.8K manual X X X low
InternVid [27] 760K open 1 17.6 234M generated X 4 X medium
MovieRecapsQA [19] 107 movie - - 60 generated 4 4 X high
MOMA-QA [4] 147 open - - 1412 manual 4 v X high
MVK [22 12.3  underwater 1 9.8 1378 generated X X X low
MSC [23] 3.6 underwater  2.27 27.4 396 manual v v X high
MARINELIFE-16K (Ours) 18.48 underwater 3.4 44 2000 manual 4 4 4 high

Table 1. Comparison with existing mainstream video caption datasets. MarineLife-16K features extensive manual annotations for under-
water video data, incorporating several attributes, i.e., object awareness, object motion, and camera motion in a hierarchical manner. Note,
MovieRecapsQA [19] and MOMA-QA [4] datasets are designed for QA tasks, but our dataset is larger than the QA counterparts.

gle with complex camera motion; (iii) closed-source models
struggle to perceive camera motion; and (iv) VLMs struggle
to reason in static cameras.

1. Introduction

Marine video analysis presents unique challenges to com-
puter vision, particularly marine life analysis, e.g., fish,
whose complex behaviors are intertwined with functional
purposes [14, 18]. For instance, schooling behavior serves
critical ecological functions, including optimized orienta-
tion, hunting, predator confusion, and risk mitigation. Con-
versely, when individual fish detach from a school to nav-
igate around reefs, their actions often signal a shift to-
ward localized foraging, shelter-seeking, or resting. Captur-
ing these behaviors requires changing from object-centric
tracking to motion-centric video understanding [10, 20].

Current video-text benchmarks remain limited when
applied to these real-world ecological contexts. Exist-
ing datasets focus on global video summarization [34]—
describing actions at a broad level without localizing spe-
cific timestamps. In contrast, video Question Answering
(video-QA) has emerged as a powerful paradigm to eval-
uate fine-grained reasoning across different temporal win-
dows [32]. However, existing video-QA benchmarks suffer
from a lack of motion diversity and fail to challenge models
on complex, real-world temporal dynamics.

For QA, it requires datasets that are richly and care-
fully annotated across different aspects like fact-centric
QAs [19], relationship and motion questions [4], focusing
on fine-grained attributes. Furthermore, LLM captioning
models are often redesigned for QAs, but struggle to per-
form grounding. To address those limitations, we intro-
duce a novel video-text benchmark dataset for marine video
analysis, evaluating dense video captioning and complex
motion-aware QA.

Although video-language models (VLMs) are power-

ful at generating text, they still suffer from hallucinations

Fig. 2. Leveraging VLMs for captioning complex videos

such as marine footage remains ineffective. In particu-

lar, MSC [23] introduces the two-stage video captioning
pipeline, aiming to reduce object hallucinations, but fails
to detect motion hallucinations in videos. To solve this,
we propose a human-in-the-loop captioning engine that re-
duces motion hallucinations through manual, fine-grained
attribute annotations. Compared with MSC [23], our dataset
is 5x larger in scale and extracts motion-aware attributes.

We compare our MarineLife-16K with existing video-text

paired datasets in Tab. 1.

In summary, we make the following contributions in our
work.

* We propose a scalable caption engine to reduce hallucina-
tions, using a human-in-the-loop workflow annotated by
domain experts.

* We introduce a large-scale motion-driven video dataset
with 2,000 video—text pairs, featuring 13 fine-grained at-
tributes for the marine domain.

* We develop a benchmark for question answering (QA)
tasks, with 16K question—answer pairs, to evaluate five
open-source models and four closed-source models. We
observe that VLM models struggle with camera-motion
understanding.

2. Related Works

Marine Video Understanding using LLMs. Marine
video analysis has recently attracted considerable interest
from the computer vision community. Recent works such as
MVK [22] and MSC [23] leverage LLMs to understand ma-
rine scenarios. More broadly, models like OceanGPT [3],
VideoRefer Suite [32], and Video-LLaMA3 [33] integrate
spatio-temporal video features and language within a uni-
fied embedding space. Specifically, these frameworks map
sequential visual tokens into an LLM text space to generate
open-ended responses. However, existing LLM architec-
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An exceptionally clear, sharp, and high-definition underwater scene characterized by a
slow, gentle, and deliberate pace. In the initial frames, a massive central coral reef
cluster heavily carpeted in dense green and brown algae dominates the view,
surrounded by smaller branching formations. The camera transitions from a medium-
wide shot of this marine landscape into a closer view focusing on part of the central
object... This smooth, fluid tracking and panning motion gently glides forward and
slightly arcs around the environment while keeping the main coral reef structure
centered in the frame. This maneuver dynamically reveals a small, patterned pufferfish
swimming calmly on the left—whose leisurely movement... as well as a prominent, light-
colored artificial seahorse statue fixed to the seabed...

, At the bottom of the sea, coral reefs display shades of moss green, light blue, light

purple, and yellow. Large, white, seahorse-shaped iron pillars stand tall. The coral
reefs and pillars vary in size. The seawater is crystal clear, and the high-quality video
captures images of marine life, corals, and the stationary iron pillars. The camera
transitions from a wide-angle view of the coral reef to a closer view of the seahorse-
shaped pillars, with a gradual lift into an overhead bird’s-eye perspective.

Figure 2. Illustration of motion hallucination. The red texts represent hallucinated camera motion by Gemini 3.1 [6], demonstrating failure
to capture camera movement. We capture camera motion ground truths with @-@:wide-angle, ®-@:close-up, ®@:bird’s-eye perspective.
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Figure 3. A caption engine. We introduce a three-stage, human-
in-the-loop caption engine that utilizes a multi-agent framework
to generate high-quality video captions. @ Fine-grained attributes
are manually annotated by human experts. ® A LMM captioner
agent inputs video sequences to generate initial synthetic captions,
which a reviewer agent subsequently scores against the human-
verified attributes ® A refiner agent filters the outputs, correcting
low-confidence synthetic captions to ensure factual alignment.

tures still struggle with fine-grained temporal comprehen-
sion, which can cause hallucinations of complex camera
motion and object motion dynamics in challenging under-
water scenarios.

Video Question Answering. There has been a grow-
ing interest in multimodal VideoQA benchmarks like
EgoSchema [12], where models must tightly integrate long-
form visual and textual contexts to reason across modal-
ities. Moving beyond generic video understanding, re-
cent benchmarks introduce specialized dimensions of tem-
poral and structural complexity. For instance, HD-EPIC
[17] establishes fine-grained, multi-modal egocentric align-
ments to evaluate action and gaze anticipation over ex-
tended timelines, while MovieRecapsQA [19] shifts the fo-
cus toward long-form narrative comprehension by ground-
ing open-ended QA pairs in atomic movie facts.

Video-Text Datasets. Recently, many large-scale
video—text datasets, e.g., Koala-36M [24], HOIGen-
IM [11], and MiraData [7] have leveraged automatic
captioning systems (e.g., GPT-4V) to generate video
captions. In addition, datasets such as MVK [22] and

MSC [23] have recently been introduced for the marine do-
main, providing insights into VLMs’ marine understanding
capabilities, including video retrieval and video grounding.

3. MarineLife-16K- A real-world video-text
dataset with fine-grained annotations

3.1. Data engine.

We present a scalable, three-stage marine caption en-
gine that leverages human-in-the-loop attributes and multi-
agent alignment scoring to generate high-fidelity, factually
grounded video descriptions, illustrated in Fig. 3. We use
LLM, i.e., GPT-5.5 [15] for dataset construction steps.

e Step 1: Manual attributes. Three domain experts extract
discrete marine attributes from raw videos.

e Step 2: Multi-agent-based synthetic caption. We lever-
age LLM agents to caption marine videos. Specifically,
an LMM Captioner is used to draft text descriptions; an
LMM Reviewer scores the semantic alignment between
the manual attributes and the synthetic caption, yielding a
matching score (S.), where S, € [0,5] .

e Step3: Final caption. If S. < 7, arefiner incorporates hu-
man attributes into a synthetic caption to output the final
caption; otherwise, it accepts the synthetic caption. We
set T to 3.5 in our work.

3.2. Collection and annotation

Overview. Here, we introduce a real-world dataset, in-
cluding 2,000 video-text pairs in the marine domain. The
example of our MarineLife-16K is illustrated in Fig. 4.

Fine-grained attributes. We also provide fine-grained
annotations, including central object and up to 3
additional obijects, environment, lighting,
video clarity,motion/behavior, and camera at-
tributes, e.g., angle and position for the collected
videos. The captioning annotation begins with manually
watching each video entirely to identify a central object and



1) Attributes Extraction
Central Object  Parrotfish Color Blue Camera Angle A wide angle camera
Object 2 Sandy Seabed = Size & Shape  Fully Grown Camera Position Camera is rotated horizontally
-»
Object 3 Divers Behavior The fish moves slowly Lighting Moderate depth, illuminated by sunlight
. i \
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Refinement

A parrotfish, blue in color and fully grown, swims over the sandy seabed, interacting with divers. The clear blue water, of moderate depth,
illuminated by sunlight, ensures excellent visibility. The fish moves slowly, and the scene is captured by a wide-angle camera, rotating horizontally.

Figure 4. An example of annotated attributes.

any other relevant objects. For each central object,
we further annotate its appearance attributes, including
texture, size, and shape&color. We allow up to
4 objects in each video to be extracted and described in the
video’s caption. It is important to provide insights of the
underwater environment for future ecological studies. To
do so, we further describe the environmental factors from
the videos, including lighting conditions, video clarity, any
movement or behavior observed, and the camera attributes
(position, movement, and sharpness), which we describe in
detail below. This captioning process takes around 10 min-
utes per video, excluding the time required to watch the con-
tent.

Multi-object. We bound the maximum object density at
four objects per clip to maintain descriptive quality. The
targeted taxonomy includes common marine entities, such
as mobile fauna (fish, human divers), benthic flora (algae,
seaweed, seagrass), and foundational substrate organisms
(coral and encrusting sponges).

Object motion taxonomy and behavioral categoriza-
tion. To comprehensively model temporal dynamics, we
formalize a fine-grained taxonomy of marine object mo-
tions. We decompose behavioral patterns into active kine-
matics, metabolic functions, and survival strategies. Cru-
cially, our data engine formalizes both the empirical move-
ment speed/behavior and ecological context. We categorize
these dynamic visual events into four primary behavioral
dimensions: (1) Locomotion and kinematics: tracks fine-
grained motion of fins, tails, and body musculature during
swimming. (2) Behaviors: encompass fine-grained feeding
actions (hunting, stalking, chewing, swallowing, or filter-
feeding via suction, biting, and snapping). (3) Survival
strategies: models resting/hiding states inside localized sub-
strates (e.g., rocks, coral reefs, vegetation, caves) alongside
active defenses such as morphological camouflage, color-
changing dynamics. (4) Socio-ecological dynamics: cap-
tures coordinated group dynamics (e.g., collective school-

ing/shoaling) and reproductive events like live birth.

Camera motion dynamics. We describe the dynamic
camera using three attributes: camera position, camera an-
gle, and video sharpness. For camera position, we specify
whether the camera captures the full scene, a single view-
ing angle, or only a specific part of the central object (e.g.,
a portion of the main object). For video sharpness, we
categorize the footage as either clear or blurry. We also
characterize the camera angle and movement. The camera
may perform a horizontal pan (turning left/right), a verti-
cal tilt (moving up/down), or a dolly/translation movement
in which the camera shifts position while keeping the main
object as the reference center.

3.3. Video data quality.

Increasing data diversity. We selected videos, recorded
from 27 different locations and at different times, span-
ning 7 countries. We curated the videos from two datasets,
MVK [22] and MSC [23] datasets.

Quality control. We performed quality control by having
six human reviewers assess 2,000 text captions.

Fine-grained attributes with motion dynamics. Our
dataset contains fine-grained attributes, aiming to reflect the
primary challenges of real-world videos, outlined in Ta-
ble 2.

3.4. Motion-aware QA Generation

For multiple-choice questions, we use fine-grained at-
tributes as answers and use an LLM prompt to generate the
remaining answer choices. For open-ended QA questions,
we use video captions as facts to create question-answer
pairs, evaluating the VLM’s ability to understand camera
motions. Specifically, the video QA task is designed to
evaluate a model’s capability to decode the functional re-
lationship between camera movement and the correspond-
ing object’s attributes, including motion, appearance, and



Video Challenge
Object-Centric

| Visual Attribute

Heterogeneous Object. Object regions have distinct colors. ‘ Color

Shape Complexity. The object has complex boundaries, such
as thin parts and holes.

Size/Shapes

Appearance Change. Noticeable appearance variation, due | Lighting ,

to illumination changes and relative camera-object rotation. Camera Motion

Size/Shape

Low Resolution. The ratio between the average object | Size/Shape
bounding-box area and the image area is smaller than 0.1.

Object & Camera Pose

Fast-Motion. The average, per-frame object motion, com- | Behavior
puted as the Euclidean distance between centroids, is larger
than 20 pixels.

Camera-Shake. Footage displays non-negligible vibrations. Camera Motion

Motion Blur. The object has fuzzy boundaries due to fast | Lighting ,

motion. Behavior

Out-of-view. Object is partially clipped by the image bound- | Object ,
aries. Behavior
Occlusion. Object becomes partially or fully occluded. Object

Scale-Variation. The relative area ratio between any two in- | Object Motion ,

stances of the target object is restricted to less than 0.5. Eater

Interacting Objects. The target object is an ensemble of mul- | Behavior
tiple, spatially-connected objects (e.g., school of fish).

Dynamic Background Context

Dynamic Background. Background regions move or deform. ‘ Background

Table 2. Taxonomy of video challenges and link to visual at-
tributes. We extend attributes [16] to video-text understanding.

geometry. We use GPT-5.5 [15] as LLM judge. Finally, we
generate 16,080 video-question pairs, including 12080 mul-
tiple choice questions and 4,000 open-ended questions for
the collection of 2,000 videos.

3.5. Statistics.

We do statistics on the frequency of text captions of
MarineLife-16K. We show frequencies by instance ob-
ject types (from object 1 to 4), and fine-grained attributes
in Fig. 5. In our MarineLife-16K, there are 16,080 ques-
tions, including 12080 multiple choice questions and 4,000
open-ended questions for the collection of 2,000 videos.

Dataset Split. We split the dataset into a training set with
1300 videos, a validation set with 200 videos and a testing
set with 500 videos.

4. Evaluation Dimensions

To comprehensively evaluate model reasoning ability, we
assess VLMs on multiple aspects, including how they sum-
marize overall video content and how well they understand
specific questions to test grounding and question-answering
(QA) capabilities. We design two benchmarks focused

on two key areas: multiple-choice marine-related QA and
video captioning in Fig. 7.

4.1. Video-QA

To comprehensively assess vision-language models in the
marine domain, we systematically classify our evaluation
protocol into five dimensions.

* Marine Biotic Communities (MBC) evaluates the model’s
capacity for multi-object detection and counting. Specif-
ically, we aim to measure the precise identification of the
central object as MBC-so alongside up to three additional
objects as MBC-mo to reconstruct the marine biotic com-
munity.

* Phenotypic/Morphological Traits (PMT) evaluates fine-
grained feature extraction for taxonomic classification
and biological health assessment. We target the accurate
grounding and description of phenotypic traits like tex-
ture, size, shape, and color.

* Organism Behavioral Kinematics (OBK) assesses VLM’s
capacity for spatiotemporal motion reasoning from ma-
rine video. We evaluate how effectively the model de-
codes complex motion/behavior patterns.

* Spatiotemporal Monitoring (SM) measures VLM models’
understanding the environmental context. We assess the
integration of environmental attributes, specifically under
shifting lighting conditions as SM-/ and environments as
SM-e.

* Perspective-Dependent Observations (PDO) evaluates
the model’s viewpoint invariance against dynamic camera
pose. Specifically, we test the consistency of marine re-
source identification across diverse camera angles (hori-
zontal, vertical, centered) and spatial positions (full scene,
partial view).

* Open-Ended with Motion Understanding (OEMU) as-
sesses how VLMs captures camera viewpoint and objects.
We target to object motion, central object and visible ac-
tvity.

4.2. Video Captioning with Motion Understanding

Our captioning benchmark is used to rigorously measure the

model’s resistance to hallucination by assigning a dimen-

sion score from 0 to 5 to each generated prediction across
the following three dimensions.

* Biological Entity Hallucination (BEH) evaluates whether
the objects referenced in the generated description cor-
rectly match the objects specified in the ground truth.

e Action Hallucination (AH) assesses whether the described
object motion and camera pose are consistent with the
actual movements.

» Environmental Context Fabrications (ECF) identifies dis-
crepancies by checking whether the generated description
includes any facts or elements that are not present in real-

ity.



g3 Object 1 Object 2 Object 3 Object 4 o Video Sharpness
2
H 5 60
5 10 ® 50
* ¥ 40
5 30
8
IIIIII IIIIII 2
=ln
[T T[T g | [ TRy
S S & 5 oS & £ SR TR SR NI
¢ x°ik~‘§§féo\"'&4°\%é\&°pzie@zogfz&&7’@0@%\‘}1\\"%@0\@Q&Q‘zﬁg}‘\;{qf’@ S S SIS TS
> SN S X 20 el O3S PO @@ 3@ @ P QS
PRI C P ELRRE 5 E L E R FS S B RN P IOYENCIEI
S B P CIFIP T ¢ C ST F R e F S P8 TS
S oE O O SO R Sy SISO
P & & L 3 S N ¥ &
G S EF S ST e F Sl
RN 3 e RO P &S & %
R K & @ ¢ K& 'S <« S8
& & 3 NI & S
& oS & ESE & o
<& ¢ R & F
& S
< S
&
0 Size/Shape 4 Color % Texture 35 Lighting
s g £ 20 g%
£ 40 < 10 <25
e 2 815 &
3 30 g8 s g20
£ 5 6 s § 15
g 20 8, g1 S 10
4 4 5
5 10 < g s ] &% I
S III. 77777777777 o 0 LLLLLLL L] ° Baa_
e DD @@L DG PR DI DD S P S E S P S S (O O @ S NI RISV P I & S S @ B
SIS 5 S S 5SS & & S oS & e S ¥ & PUSRSERN NSO INACSS
D 5P P PN 60 OO x> O CHRIERCS A ) S & & ot Ny & S LIPS @
FTHLLYF T0%° &L o7 S é Q.o e Sy S FE < P DL o S« A E SRS
B L& S&® g2 N 5 R @ S RS N F DS ¢ S EGEELL
L& (TGS S @ oF K L& & T K ¢ & P @ ST S ¥ SIS
s & > S & AR SR S N0
& & Y SIS JEONR S €
« o RS & & EO R
o [N
14 20 6
- 12 = =5
- g :
10 Camera Position g5 Camera Angle <. Motion
g8 Z10 g3
g ° 8 2
S 4 I s 5 &
&
2
o IliNEREEEeeesnnaa- o o N .
0y > N & &E &> LS E & E S &S S S D@ & @& &P R RURUOIRC NS SO S
R R N R S NN 3 SRS TSN B & Wt oS SRS il S S e S e
S R S, 8 O . S A S P O ES L EE S T E 8 SR TS % O ARG N AN
R S0 (AN e P F S P se® P SR S NS IR IO S A o S s S S S S
S s S S (S R e e S S TS TR S SN R S S S O CENS S e
O P RS S WO WO & oV R s SO FE N LN LI g O P P TE N @ T CE T T S ¢
B A S IO AN A I FES DS P L EE I N EFET S S SO S LIRS B
SO s SS REE 55 8 R O oo S0P S S S RS O 60 0 S IT ORI L Sl
& 5 S O OISO S RSO IENING S S I
LLESRITNS e o o S S S S FSEFEPIGHEY & Fae
FETES @ FCet O & & & TIRXLTE W RGN & & W T e85
SN \A&« 4:4@ 2 & &S QC 00\\*{@ SR ié‘\b € T & e & 300
< & ¢ <& °
& e

Figure 5. Statistics on the frequency of text-caption of MarineLife-16K. We show frequencies by instance object types (from object 1 to 4)
(Top), video quality (Top Right), the size/shape, color, and texture of the central object (Middle Left), camera motion (angle and position)

(Bottom Right), and object motion (Bottom Left).
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Figure 6. Human study. We recruit 6 annotators to score LLM pre-
dictions across /00 video inputs, requiring /80 total labor hours.
We observe both human and LLM judges are consistent when eval-
uating open-ended QA, which confirms the effectiveness of using
LLMs as judges for QA tasks.

5. Experiments

Our goal is to evaluate how state-of-the-art video-LLMs
handle VideoQA tasks, focusing on reasoning capabilities
that account for motion dynamics, across both open-ended
and multiple-choice questions. This section describes our
experimental setup and model performance across evalua-
tion dimensions in marine scenarios.

5.1. Models

We evaluate a broad range of proprietary and open-
source VLMs for video QA and captioning. Our pro-
prietary lineup includes frontier close-source models,
i.e., Claude-4.8-Opus [l], Grok-4.3 [30], Gemini-3.1-

Pro [6], and Kimi K2.6 [13]. We further include open-
source models, i.e., small VLMs (InternVL3-8B [25],
LLaVA-OneVision-7B [8], Qwen2.5-VL-7B [28], LLaVA-
NeXT-Video [9], Video-LLaMA3 [33]) and larger VLMs
(Gemma4-31B [21], Qwen2.5-VL-72B [28], InternVL3-
78B [25]), using official Huggingface releases ranging from
7B to 78B parameters. We uniformly sample 8 frames per
video as an ordered image sequence input. Empirically, we
find 8 frames effectively capture camera motion while bal-
ancing accuracy and token cost. All experiments for the
open-source model are conducted using 6 NVIDIA GeForce
RTX4090 D. We will release the prompts and hyperparam-
eter configurations used for the public.

5.2. Human Study

To validate the LLM judge for open-ended QA, we con-
ducted a human study with six domain experts, randomly
selecting 100 questions across four open-ended QA types
evaluating camera motion from visual attributes. Each
question was rated by three experts, and scores were av-
eraged. As shown in Fig. 6, despite some gap between hu-
man and LLM (GPT-5.5) judges, human scoring is largely
consistent with LLM scoring, confirming the effectiveness
of using LLMs as judges for QA tasks. Small open-source



Motion Understanding and Reasoning

Action Hallucination

Q: Summarise video? e e
A: The camera transitions from a medium-wide shot of this marine
landscape into a closer view focusing on part of the central object... This
smooth, fluid tracking and panning motion gently glides forward and
slightly arcs around the environment while keeping the main coral reef|
structure centered in the frame.

Q: You will evaluate the descriptions on dimension:

Temporal Description: Analyze whether the depiction of the object's’
motion aligns with the actual movements described in the correct
answer. Please assign a score for the dimension, using an integer from
Oto5

Correct answer:

The camera pans from a wide-angle view of the coral reef to the
seahorse-shaped pillars, from close-up to panoramic perspectives.

A: Score: 4. i The of the camera

Perspective-Dependent Observations

Which camera position or camera movement best matches the video?

(A) The video takes a close-up of the cross; the video is clear; camera
angle/movement: horizontal shot, moving from the head down to the tail of the
cross

(B) The camera holds a steady wide shot; camera angle/movement: the frame
remains fixed

(C) The video takes a wide shot of the school of fish swimming gently
around the coral reef; camera angle/movement: the camera shoots
vertically to capture the whole coral reef

(D) The camera takes a close-up of hard coral from one spot to another;

closely aligns with the ground truth. Both accounts accurately depict a
transition from a wider view of the marine landscape to a closer
perspective.

camera close-up shot around the hard coral

Open-ended with motion understanding

Spatiotemporal Analysis

Spatiotemporal Monitoring - Light
-

What s the lighting condition in the video?
(A) dim or low-light conditions

(B) medium depth, light reaches the area
(C) sunlight can penetrate through

(D) aphotic zone

Spatiotemporal Monitoring - Environment

How is the environment in the video?
(A) dark blue seawater

(B) dark rocky seabed

(C) green, turbid water

(D) clear water environment, deep blue water

Q: How does the camera’s wide horizontal pan (pan left and right across the
scene) affect the captured state of the seaweed in the coral reef ecosystem?
A: The camera's wide horizontal sweep captures the seaweed's flexible
swaying movement around the rocky reef with clear image quality

Object-centric Understanding

Marine Biotic C itii P ypi

Traits

Morpt

Which color and size or

shape description

best matches the central
object?

(A) color: rough body, black and pink; size/shape:
various sizes

(B) color: grayish white; size/shape: adult sizes

(C) color: mainly yellow and black, with blue stripes;
size/shape: various sizes

(D) color: green, light green, and dark green

What is the central object in the video?
(A) coral reef

(B) sandy seafloor

(C) sea anemone

(D) sea sponge

Environmental Context Fabrications
Biological Entity Hallucination

Q: Summarise video?

A: An exceptionally clear, sharp, and high-definition underwater scene characterized by a
slow, gentle, and deliberate pace. In the initial frames, a massive central coral reef cluster
heavily carpeted in dense green and brown algae dominates the view, surrounded by smaller
branching formations. This maneuver dynamically reveals a small, patterned pufferfish
swimming calmly on the left—whose leisurely movement... as well as a prominent, light-
colored artificial seahorse statue fixed to the seabed...

Q: You will evaluate the descriptions on dimension:
1. Subject Correspondence: Assess whether the subject of the input description accurately
matches the subject indicated in the ground truth description.
2. ination Detection: Identify any di ies by

if the includes

Organism Behavioral Kinematics

Which movement or state of the shark best matches the video?
(A) the shark swims at normal speed

(B) the shark swims fairly fast

(C) the shark swims slowly

(D) the shark swims slowly and exhales air bubbles

facts, actions, or elements that do not exist in reality.

Please assign a score for the dimension, using an integer from 0 to 5

Correct answer:

At the bottom of the sea, coral reefs display shades of moss green, light blue, light purple, and
yellow. Large, white, seahorse-shaped iron pillars stand tall. The coral reefs and pillars vary in
size. The seawater is crystal clear, and the high-quality video captures images of marine life,
corals, and the stationary iron pillars.

A:

1.Subject Correspondence: 5. Explanation: The predicted answer perfectly captures the
primary subjects outined in the ground truth.

2.Hallucination Detection: 3. The predicted answer introduces details not
verified by the ground truth, most notably the presence of a specific "patterned pufferfish

swimming calmly on the left" and its explicit movements, whereas the ground truth only
makes a general mention of "marine life.”

Figure 7. Overview of task dimensions of MarineLife-16K.

Model Backbone MBC-so MBC-mo PMT PDO OBK SM-e SM-1 OEMU
Open-source VLMs (7B - 8B)

Video-Llama3-7B [33] 2D RoPE 96.6 66.6 766 633 90 733 353 22
LLaVa-NeXT-Video [9] CLIP 80 56.7 40 60 833 233 118 2.14
LLaVA-OneVision-7B [8] SigLIP/Qwen 90 63.3 60 533 80 833 294 2.11
Qwen2.5-VL-7B [28] 2D RoPE/Qwen 96.7 66.7  66.7 70 967 667 294 2.43
InternVL3-8B [25] V2PE/Qwen 96.7 833 733 70 933 733 529 1.36
Average 90.66 6732 63.32 6332 88.66 6398 31.76 2.04
Open-source VLMs (31B - 78B)

Gemma4-31B [21] SigLIP/Qwen 89.3 36.6 533 433  86.6 60 47.05 2.52
Qwen2.5-VL-72B [28] ViT/Qwen2.5 90.5 76.6 80 467 933 66.7 66.7 247
InternVL3-78B [25] InternViT-6B/Qwen 91.2 63.3 70 466 834 533 294 1.98
Average 90.33 58.83 67.77 4553 871.77 60 47.72 2.32
Close-source VLMs

Claude-Opus-4.8 [1] - 93.33 733 833 60  96.6 60 705 2.42
Grok-4.3 [30] - 93.33 70 76.6 533 933 60  70.5 2.58
Gemini-3.1-Pro [6] - 93.3 76.6 90 66.6 966 66.6 353 2.1
Kimi K2.6 [13] - 100 60 80 633 966 633 529 2.48
Average - 94.99 6998 8246 60.8 9578 6248 573 2.40

Table 3. Model performance on video question answering. This table reports model performance on our benchmark across MBC, PMT,
OBK, SM and PDO metrics. Camera motion-specific metric is challenging for VLM, highlighted in red .

models (7B-8B) struggle with AH.

5.3. Multiple-choice Questions with Motion Under-

standing

We find that closed-source models outperform open-source
models across most evaluation dimensions like MBC-so,
MBC-mo, PMT, OBK, SM-1 and OEMU in Tab. 3 be-
cause closed-source models often train on larger and private
datasets rather than open-source datasets.

Observation #1: Proprietary models outperform open-
source models across most downstream benchmarks.



STATIC CAMERA MOVING CAMERA

Model

BEH AH ECF BEH AH ECF
Open-source VLMs (7B - 8B)
Video-Llama3-7B [33] 313 21 2.6 3.13 2.1 2.43
LLaVa-NeXT-Video [9] 29 271 24 2.43 1.72 242
LLaVA-OneVision-7B [8] 3.1 229 3.14 3.1 1.85 3.14
Qwen2.5-VL-7B [28] 343 271 271 3.14 2.58 2.57
InternVL3-8B [25] 257 186 23 2.71 1.86 2.42
Average 3.03 233 263 29013 202031 26003
Open-source VLMs (31B - 78B)
Gemma4-31B [21] 3.6 314 3.02 3.29 3.29 2.85
Qwen2.5-VL-72B [28] 357 286 285 3.71 343 343
InternVL3-78B [25] 329 257 257 3.57 3.01 3.1
Average 349 286 281 3.52+0.03 3.24+0.38 3.13+0.32
Close-source VLMs
Claude-4.8-Sonnet [ 1] 3.14 3 2.3 3.29 2.86 2.43
Grok-4.3 [30] 33 26 228 3.14 2.71 2.57
Gemini-3.1-Pro [6] 39 24 257 3.29 2.57 3.29
Kimi K2.6 [13] 36 311 243 3.14 3.1 228
Average 349 278 24 322027 281+0.03 2.64+0.24

Table 4. Comparison of models across static and moving camera
settings. Camera motion-specific metric is challenging for VLM,
highlighted in red .

Observation #2: While all VLM models exhibit robust
capabilities in object motion understanding, they often
struggle to capture complex camera motion. The object
motion scores OBK of all VLMs are high (average open-
source model: 88.66% (7B-8B VLMs), 87.77% (31B-78B
VLMs), average close-source model: 95.78%) in Tab. 3.
However, the PDO scores are dramatically low (average 7B-
8B and 31B-78B open-source models: 63.32% and 45.53%,
average close-source model: 60.8%), respectively, and for
the close-source group, it is the second lowest across all
metrics. This explains why object tracking performs fairly
well in which object recognition achieves strong perfor-
mance with 90.66% and 90.33% for open-source models
7B-8B and 31B-78B, and 94.99% for proprietary models in
MBC-so. But when the camera changes, the visual encoder
struggles to extract discriminative features, resulting in poor
camera motion reasoning in autoregressive language mod-
eling.

Observation #3: The reasoning ability of closed-source
models 7B-8B is strong, but limited in camera-motion
perception. Although the close-source group dominates
across the overall average, in the camera motion PDO met-
ric, open-source models like Qwen2.5-VL-7B (70%) and
InternVL3-8B (70.0%) outperforms close-source models
like Grok-4.3 (53.3%) and Claude-Opus (60.0%) in Tab. 3.
This suggests that Qwen2.5-VL leverages an upgraded Dy-
namic Resolution ViT, while InternVL3 adopts the Dy-
namic High-Resolution (DHR) image/frame decomposition
strategy. Both enable dynamic token pruning, which results
in more effective temporal representation than vanilla av-
erage temporal pooling. On the contrary, 31B—78B VLMs
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Figure 8. Model performance of VLMs on static and moving cam-
era settings.

= Open-source VLM (7-8B)
Open-source VLM (30-70B)
= Close-source VLM

= Static camera

\ | == Moving camera

MBC—mo

often produce detailed captions, but they struggle to predict
complex camera motion.

5.4. Open-ended Questions

Observation #4: For video summarization, VLMs strug-
gle with camera motion, failing to reason in the static-
camera setting. Tab. 4 shows that, for moving cameras,
both open-source and closed-source models achieve supe-
rior performance compared to static cameras in open-ended
QA. VLMs 7B-8B struggle with reasoning capability (rang-
ing from 2.6 to 2.9) across all metrics under camera move-
ment. Thus, we believe VLMs still struggle with camera
motion (even static camera), leading to require additional
training data with rich camera-motion attributes for fine-
tuning. Taking a closer look at multiple-choice questions,
Fig. 8 shows VLMs struggle on SM-1, SE-e, and OEMU
when the camera is moving, about 50%. In contrast, MBC-
so achieves good performance about 90% in both settings.
For OBK, performance is slightly higher for moving cam-
eras than for static cameras, yet SM-1 remains challenging
for VLMs on moving-camera inputs.

6. Conclusion

In this work, we introduced a sequential multi-trajectory ex-
pert annotation and refinement strategy, using a human-in-
the-loop multi-agent data engine for curating high-quality,
motion-centric video-text data for marine environments.
Using this strategy, we built a benchmark of 2,000 ma-
rine videos with 16,080 fine-grained question-answer pairs,
annotated across 13 attributes covering key marine video
challenges. We further constructed a comprehensive eval-
uation suite spanning nine dimensions across open-ended
and multiple-choice QA. Our results show both open-source
and closed-source models struggle most with camera mo-
tion dynamics. We hope this benchmark advances under-
water video understanding.
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